A high-bypass turbofan engine transfers air from low-to the high-pressure compressor through an S-shaped transition duct. Minimization of the total pressure loss and maximization of uniform flow are key factors to ensure the maximum performance of the S-shaped transition duct. The conventional design approach is time-consuming and does not guarantee an optimal solution. Hence, the present article is based on the application of optimization for the S-shaped compressor transition duct. The optimization is carried out on the basis of shape parameters to minimize objectives namely pressure loss coefficient and non-uniformity with the reduction of length of the S-shaped transition duct. The 2-D axisymmetric approach of computational fluid dynamics is used as a design tool for performance evaluation with optimization techniques. The simulation model is validated with the available experimental results of the literature. The correlation between the response and independent variables is established with the help of the second-order polynomial response surface methodology. Further, individual optimization is carried out for single-objective consideration using particle swarm optimization and gray wolf optimization algorithms. As the results of single-objective optimization depict the conflicts between both objectives, later optimization using multi-objective particle swarm optimization and multi-objective gray wolf optimization algorithms is carried out. The performance metrics are obtained and compared. The 'TOPSIS' method is applied to get best solution out of multiple solutions. The optimized duct reduced pressure loss coefficient and non-uniformity index by 28.14% and 43.33% with a reduction of 6.37% of length compared to baseline S-shaped duct.
Introduction
Increasing demand for high fuel efficiency and low noise level in commercial aircraft engines propelled to the design of the high-bypass turbofan engines. A twinspool arrangement is the most preferable for adequate bypass ratio and high-pressure ratio turbofan engine [1] . This high-bypass ratio engines are deployed with a larger radial offset and disk bore diameter [2] . An S-shaped transition duct is used to connect the low-and high-pressure turbomachines which have a larger radial offset. In compressor twin-spool arrangement, the inner wall of the S-shaped transition duct is made of convex followed by concave, whereas the outer wall consists of concave followed by convex curvature. As soon as flow approaches to the outer wall of the first bend, its pressure gets higher than the inner wall and consequently across the first bend, a pressure gradient is observed. However, this occurrence is altered within the second bend [3] [4] [5] . The S-shaped compressor transition duct is referred to as an S-shaped duct in the subsequent sections of the manuscript. Due to the curvature of the S-shaped duct, the streamwise and radial direction encounter a pressure gradient and the presence of this pressure gradient significantly modifies the boundary layer development within the S-shaped duct. This is the reason why a vast majority of researchers [6] [7] [8] [9] [10] [11] [12] [13] [14] have given paramount importance to the influence of wall curvature on the performance of the S-shaped duct in their studies. Space and weight optimization in the aviation industry dictate that the transition duct must be as shorter as possible without the occurrence of flow separation.
Duenas et al. [15] investigated the effect of reducing the length on the S-shaped duct performance while keeping unchanged inlet duct height (h in ) and inlet to outlet mean radius difference ( ΔR ). Since the performance of the downstream high compressor totally depends on the quality of supplied air, a shorter S-shaped duct is subjected by higher pressure loss due to its curvature and eventually distorts the air quality that ultimately deteriorates the performance of the S-shaped duct. Optimization allows the researcher to obtain a better S-shaped duct design with minimum space requirement along with maximum flow uniformity as well as minimum pressure loss. Even though a number of researches have shown their interest to increase the performance of the S-shaped duct using various optimization techniques, this area of research, particularly for the S-shaped duct, is still needed to be more explored. The computational fluid dynamics (CFD) can be implemented as a design tool for performance evaluation with a combination of various optimization techniques [16] . Many researchers have reported that applying the response surface methodology (RSM) altogether with the design of experiments (DOE) may be a decisive and sturdy method for CFD-based optimization techniques [17] [18] [19] [20] . Wallin and Eriksson [17] applied RSM together with DOE to the baseline S-shaped duct containing eight struts for minimizing the total pressure loss and achieved a 24% reduction of the total pressure loss. Reduction of the total pressure loss by suppressing the peak deceleration in the strut-hub corner region could be achieved through an optimized non-axisymmetric end wall profile that is developed using the RSM approach [18, 19] . Lu et al. [20] exercised the combination of RSM and genetic algorithm (GA) to optimize the S-shaped duct and found a reduction of 36.9% in total pressure loss with higher uniformity at the outlet.
The single-and multi-objective variants of PSO are reported by many researchers, especially in the thermalrelated problems. Coello and Lechuga [21] presented a proposal first time to make enable PSO to deal with the multi-objective problem. Patel and Rao [22] applied multiobjective particle swarm optimization (MOPSO) algorithm to the shell and tube heat exchanger, and Hojjati et al. [23] implemented MOPSO for the optimal operation of two reservoirs constructed on Ozan River catchment in order to maximize income from power generation and flood control capacity. Alrasheed [24] implemented modified versions of MOPSO to improve its convergence rate and validated its performance through benchmark functions. Peng et al. [25] developed an improved version of PSO to optimize the structural dimensions of the pin-fin heat exchanger and found the optimum weight and overall cost under certain constraints. Alagirusamy et al. [26] applied PSO to find out unknown boundary heat flux for conduction, convection, and coupled conduction-radiation problems. None of the work has been reported by researchers yet to optimize the S-shaped duct using a PSO algorithm. The PSO algorithm allows individual populations to benefit from their past experiences that ultimately contribute to the faster convergence rate than other evolutionary algorithms [27] [28] [29] [30] [31] [32] [33] [34] . Many times, computational time taken by PSO for the same number of function evaluations is quite less than other heuristic algorithms [25, 35] .
This present work incorporates the design optimization of the S-shaped duct. The total pressure loss coefficient and non-uniformity index at the outlet of the S-shaped duct are selected as responses or objectives function. The MOPSO algorithm has been implemented and for the sake of performance superiority, MOPSO is compared with the multi-objective gray wolf optimization (MOGWO) algorithm. The application of the 'TOPSIS' method is used to obtain an optimal design out of multiple designs of the S-shaped duct.
Numerical simulation
In order to use CFD as a design tool for performance evaluation with optimization techniques, numerical simulation is carried out for the S-shaped duct. Gambit and Fluent software are used for the entire simulation work.
Problem definition
The prime objective of an S-shaped duct is to supply highquality (maximum uniformity) compressed air with the occurrence of the minimum pressure loss to the downstream high-pressure compressor. The shorter S-shaped duct causes higher pressure loss due to its steep curvature and finally distorts air quality. Hence, total pressure loss and non-uniformity of the flow are directly related to the slope (radial offset) and curvature of the S-shaped duct. An S-shaped duct design space is usually defined by the four main geometrical parameters like mean radius ratio ( R r ), an area ratio ( Ā r ), radial offset or slope ( ̄ ), and plane of inflection ( S ) [36] . Since an S-shaped duct acts as a transition component between low-and high-pressure compressor, inlet dimensions such as inlet hub radius ( R hi ), inlet shroud radius ( R si ), and inlet height (h inlet = R si − R hi ) are fixed by the existing upstream low-pressure compressor. Complete expression of these geometrical parameters is given below and also shown in Fig. 1 as well.
The S-shaped duct is designed as per the design methodology described by Yurko and Bondarenko [36] . R SO and R ho are known as outlet shroud and hub radius, respectively, and can be calculated by solving Eqs. (1) and (2) simultaneously, whereas after selecting proper slope or radial offset, the length can be obtained from Eq. (3). Hub and shroud contours of the S-shaped duct are drawn by using third order parametric Bezier curve [36] ; therefore, only four points are just sufficient to define the complete shape of the Bezier curve. Furthermore, both wall shape can be expressed in terms of the cubic curve using Cartesian coordinates (x, y) and a parameter 't' and represented by Eqs. (5) and (6) . In these equations, 't' is the dimensionless length in the axial direction of the Bezier curve and its value should be 0 ≤ t ≤ 1.
In the present optimization work, as per existing literature, R r ,̄ and S are selected as the independent variable (design variables), whereas the coefficient of total pressure (1)
x L loss ( ) and non-uniformity index ( S io ) is selected as the responses which are shown by Eqs. (7) and (8), respectively [37] . The total stagnation pressure loss ( P oin − P oout ) is nondimensionalized by the dynamic head 0.5 U 2 of the flow and represented by , whereas S io is the ratio of the average velocity in the y-direction ( U y avg ) to inlet velocity. To avoid a severe radius change in order to acquire a short length and higher pressure gradients that eventually might provoke the flow separation, Britchford [38] proposed a suitable limit for the hub and shroud pressure rise coefficient for ensuing separation free flow provided that the static pressure rise coefficient on the hub ( C P1 ) and shroud ( C P2 ) is less than one ( ΔC phub/shroud ≤ 1).
The present optimum design of the S-shaped duct is obtained with the imposition of static pressure rise coefficient on the hub and shroud as the constraints. To obtain the objective function and specified constraints, almost 117 numerical simulations have been carried out by altering all three variables by keeping area ratio unity for all cases. To obtain the 117 sets of numerical simulations, the ranges of independent variables are to select and are chosen as per available literature [18, 20, 39] and shown into Eqs. (9), (10), and (11), respectively. Research Article SN Applied Sciences (2020) 2:221 | https://doi.org/10.1007/s42452-020-1972-4
Geometry creation, meshing, and case formation
With the assumption of uniform flow without swirl at all circumferential direction of the S-shaped duct inlet, a 3-D S-shaped duct can be represented well by the approach of 2-D axisymmetric. This will reduce complexity as well as computational time for convergence of the fluid domain [2, 15, 19, 38, 40, 41] . Modeling and meshing of the 2-D axisymmetric S-shaped duct are accomplished by using 'GAMBIT' software. To obtain an optimum grid size, a grid convergence study is performed for four different grid sizes. Figure 2 represents the variation of the static pressure coefficient along the hub length of the S-shaped duct.
The results depict the overlapping of grid C and D throughout the axial length. Therefore, the structured quadrilateral mesh consists of 360 * 180 grids has been chosen as an optimum mesh size. Even though the detailed study of flow separation and secondary flows within the S-shaped duct is not the scope of the present study, huge mesh elements adjacent to the walls have been deliberately kept in order to accommodate wall nature during the simulation. Comprehensive numerical analysis for all cases of S-shaped duct is performed by using a commercially available CFD code 'Fluent 16.2. ' A cell-centered finite volume approach is implemented to solve the 2-D steady compressible Reynolds-averaged Navier-Stokes equations. All equations are discretized using a second-order upwind scheme, whereas pressure and velocity coupling are confirmed by pressure velocity
correlation using the SIMPLE algorithm. The mass flow rate of 1 kg/s is selected as an inlet boundary condition, and outlet pressure of 294,000 Pa is set as an outlet boundary condition. These conditions were prearranged by the existing upstream low-pressure compressor. Furthermore, hub and shroud walls are specified with no-slip boundary conditions. Flow within the S-shaped duct is turbulent and will significantly be affected by the boundary layers developed along transition duct walls. Hence, to resolve the viscous sub-layer, the SST k − ω turbulence model with default model constants is selected for all 117 sets of simulation. The convergence criteria for all governing equations are set to 10 −04 . The total pressure loss coefficient and non-uniformity index for all the cases are calculated by using Eqs. (7) and (8) , respectively, and shown in Table 1 of "Appendix 1".
Numerical method validation
A comparison of the performance of the above proposed numerical model is done with the existing experimental results of the literature [3] . The experimental S-shaped duct was designed with an area ratio of unity. S-shaped duct had inlet height ( h in ) of 71.1 mm and non-dimensional length L h in of 3.4. The radius of curvature of the meanline at the inlet and outlet was 181.3 mm and 229.65 mm, respectively. As the boundary conditions, the inlet is set at the uniform axial velocity of 28.3 m/s and the outlet is set at zero static pressure. Streamwise velocity at the inlet and outlet of the S-shaped duct is non-dimensionalized with the mass-weighted streamwise mean velocity at the inlet. The static pressure coefficient is defined by Eq. (12) where p in and p in are the mass-weighted average static and total pressure at inlet, respectively, and p represents the static pressure at a particular location along the S-shaped duct walls. Figure 3 is an illustration of a comparison of predicted and existing experimental results [3] . Figure 3a shows the streamwise velocity distribution in the radial direction at the S-shaped duct inlet and outlet. Notably, flow within the S-shaped duct is always subjected by the pressure gradient due to its curvature. The response of the developed boundary layer to this pressure gradient is shown in Fig. 3a , and it could be understood that excluding small discrepancies near to both walls, predicted simulation and experimental results matched quite well. However, similar discrepancies were also reported by the Milanvoic et al. and Immonen [40, 42] because of the improper handling of the wall curvature by the turbulence model. Duenas Research Article SN Applied Sciences (2020) 2:221 | https://doi.org/10.1007/s42452-020-1972-4 [15] had also commented that it might be difficult the accurate prediction of flow under the highly curved wall surface by Boussinesq eddy-viscosity turbulence models. Figure 3b exhibits the static pressure coefficient distribution on the hub and shroud is accurately predicted by the k-ω SST turbulence model except the region near to the valley, where it is over-predicted. Even though there is a minor deviation between predicted and experimental results along the S-shaped duct wall, the proposed turbulence model is quite sufficient to capture the flow field in the S-shaped duct for optimization.
Axial length

Optimization
In order to carry out S-shaped duct optimization, total pressure loss coefficient (ω) and non-uniformity index S io obtained from the numerical simulations need to be Research Article SN Applied Sciences (2020) 2:221 | https://doi.org/10.1007/s42452-020-1972-4
modeled as the objective functions in terms of design variables. Hence, the regression model development and its analysis are carried out in the following subsection. After obtaining the regression model, a concise description of the PSO algorithm and the formation of the multi-objective functions are reported. As at least two performance metrics must be evaluated hence, spacing metric and hypervolume indicator are elaborated to validate the performance of the MOPSO algorithm. At last, to select one best alternative from the Pareto solutions obtained from the MOPSO, the 'TOPSIS' method is described.
Formulation of the regression model
Regression analysis is considered as a worthy tool in statistical modeling to reckon the relationship between the dependent and independent variables, and it uses several techniques to model and analyze the response which is influenced by a number of variables. As one cannot obtain objective function directly in terms of specified design parameters, a direct relation between them can be established with the regression model. A second-degree polynomial regression model based on response surface methodology (RSM) is used to establish the correlation between the response and independent variables. This regression model is widely applied to the aerodynamic configuration design by many researchers [20, [43] [44] [45] . The output of a second-order polynomial RSM is expressed by Eq. (13) where , N, and x denote the regression analysis coefficients, the number of design variables, and a set of design variables, respectively.
Based on the numerical simulations, total pressure loss and non-uniformity index (shown in Table 1 of "Appendix 1") have been calculated and are expressed in terms of the second-order RSM model by using MINITAB 18 statistical software. The regression equations of total pressure loss coefficient and non-uniformity index in terms of independent variables are shown by Eqs. (14) and (15), respectively. To check the individual parameter's significance on both objective function, ANOVA tables are obtained and are represented by Tables 2 and 3 of "Appendix 1", respectively. The appropriateness of a regression model is expressed by F-value and P-value. For better appropriateness, an independent variable of higher F-value is desirable, whereas, at the same time, its P-value must be
lower. Tables 2 and 3 depict that all variables and their combined interactions significantly affect the objectives. Furthermore, the model confidence level is represented by R 2 which is also known as the coefficient of determination. It shows the impact of approximation of a proposed regression version and it is far considered as a higher impact of approximation of a proposed version when R 2 value is nearer to 1.0. Table 4 depicts that the proposed models fit well to the present case and describe perfectly to the problem. Since the present article's aim is to find out the optimum design of the S-shaped duct under the constraints, the static pressure rise coefficient is considered as a constraint. The regression Eqs. (16) and (17) depict the C P1 and C P2 , respectively, in terms of independent variables. Optimization algorithm searches the optimum design for and S io as well only if the optimum design well satisfies the given constraints. 
Particle swarm optimization algorithm
PSO algorithm is a probabilistic optimization technique and developed by Kennedy and Eberhart [46] . In swarm intelligence, PSO is one of the popularized evolutionary techniques which is inspired by the group behavior of animal, for example, school of fish and flocks of birds. Like other swarm intelligence, PSO also shows general computation traits including initialization with a population of the random solutions as well as finding out the optimum by keeping update the generations. PSO works for a potential solution and the population in the potential solution known as a swarm and each individual in the swarm is considered as a particle. Each and every particle into the swarm finds their best solution depending on their own experience and other particles into the same swarm as well. This personal best value is marked as 'pBest'; meanwhile, there is another best value that is achieved in global space by the particle, and it is the best value as well as corresponding best locations so far in the entire population. This value is marked as 'gBest.' In addition to it, the velocity of each particle at each step continuously updates toward its 'pBest' and 'gBest' locations, and the updated velocity and location of the particle during each iteration are expressed by Eqs. (18) and (19), respectively.
Equation (18) calculates the new velocity V i+1 the individual particle by using the previous velocity, best location ('pBest') and obtained global best location ('gBest') into the entire population as well and at the same time, individual particle's location ( X i ) in the hyperspace is updated by the Eq. (19) . In the Eq. (18), r 1 and r 2 are the independently generated random numbers within the range of [0, 1], whereas C 1 and C 2 are the acceleration constants to represent the weight of stochastic acceleration term that pulls each particle toward 'pBest' and 'gBest' positions. ' C 1 ' is the cognitive parameter that indicates the confidence has a particle itself. ' C 2 .' is the social parameter and depicts the confidence that has a particle into the swarm. In general, tuning of these parameters alters tension into the system. Low values of them allow particles to roam far from target regions before being tugged back, while high value results in the abrupt movement toward, or past through target regions [47] . Apart from it, the particle's velocities on each dimension are confined to maximum velocity (V max) which is a parameter specified by the user. If the sum of accelerations would cause the velocity on that dimension to exceed V max , then the velocity on that dimension is limited to V max . Similarly, if the maximum value of X i+1 is exceeding the upper limit of the corresponding design space, then it has to restrict up to the upper limit of the design space and if the minimum value of X i+1 is exceeding the lower limit of the corresponding design space, then it has to restrict up to the lower limit of the design space. In Eq. (18), 'w' is the inertia weight and its value must be between 0.4 and 1.4 [48] . It decides the convergence behavior of the PSO algorithm by controlling the exploration abilities of the swarm. High inertia weight permits a wide velocity update which ultimately allows to globally explore the design space, whereas low inertia weight targets the velocity updates in the confined region of the design space. An optimum value of 'w' enhances the performance of the PSO algorithm in many applications.
Formation of the multi-objective optimization function
Coello and Lechugo [21] proposed a methodology to deal with the PSO with the multi-objective environment and the present work replicates the same methodology; however, tuning of algorithm-specific parameters has been carried out. It is well evident that the design of the S-shaped duct involves multiple inputs and requires the simultaneous optimization of multiple responses. Accordingly, it is essential to formulate the multi-objective optimization problems (MOOPs) and also establish the Pareto-efficient set of solutions. As per the literature, MOOPs can either be solved using a priori approach or posteriori approach. In order to obtain a set of distinct solutions, one has to assign the weight to each objective and required to run the algorithm independently for each set of weights in case of priori approach, whereas posteriori approach neither requires to assign any weight to the objectives nor needs to run multiple time. Set of Pareto-efficient solutions are obtained into a single run in case of posteriori approach and as per the importance of the objectives, the decision-maker can select any one solution from the set. This superiority of the posteriori approach over the priori approach motivated the researchers to adopt the posteriori approach.
In the present work, a posteriori approach-based nature-inspired multi-objective version of PSO is implemented to solve the MOOP of the S-shaped duct. The main aim of the MOOP is to find out a vector of design variables even as performing optimization (minimizing or maximizing) of several objectives at the same time, under a given set of constraints. For the present work, two such objectives namely minimization of the total pressure loss and the non-uniformity index (secondary flow at the outlet) at the outlet of the S-shaped duct are chosen concurrently for multi-objective optimization. The objectives are shown by Eqs. (20) and (21), respectively. As the constraints, static pressure rise coefficient on the hub ( C P1 ) and shroud ( C P2 ) with limits is shown by Eqs. (22) and (23), respectively.
Subject to
where In order to demonstrate the effectiveness of the MOPSO algorithm, the results of MOPSO are compared with the MOGWO algorithm. Mirjalili et al. [49] proposed the multiobjective version of the gray wolf optimization (GWO) algorithm for the first time. Authors integrated a fixed size external archive to save and retrieve the Pareto-optimal solutions. The same multi-objective version of the GWO algorithm is implemented for the present work. Application of the MOGWO algorithm can be found in various fields like heat and power dispatch with cogeneration systems [50] , the design of the Stirling engine [51] , and the design of heat exchanger [52] and many more. Therefore, considering the effectiveness of the MOGWO algorithm in solving the multi-objective optimization problems of various fields, the present work depicts the application of the MOGWO algorithm in the field of the S-shaped duct, 
Performance measure
Even though a number of multi-objective evolutionary algorithms (MOEAs) are available, the effort is made in the continuing pursuit of more efficient and effective designs to search for Pareto-optimal solutions for a given problem. Neither of the MOEAs gives a guarantee to figure out the optimal trade-off, however, attempts to find out a better approximation. According to Zitzler et al. [53] , objective space with uniform distribution and approximated nondominated solutions with the maximum extent are most desirable. Although existing literature provides numerous performance metrics calculator to compare the MOEAs, no single metrics alone can faithfully measure MOEA performance. Every metric can provide some specific, but incomplete, quantifications of performance and can only be used effectively under specified conditions. To overcome such shortcomings and ensure the fair evaluation of MOEAs, it is supposed to calculate at least two performance metrics together. In the present article to compare the algorithms, spacing metric (SP) proposed by Schott [54] and hypervolume indicator proposed by Zitzler et al. [53] are employed.
Spacing metric (S)
In order to measure how evenly the non-dominated solutions are distributed in the approximated Pareto front, the spacing metric [54] is widely used and expressed by Eq. (24) . It calculates the relative distance between the consecutive solutions of non-dominated Pareto front.
where d is the average of all d i , n is the number of the Pareto-optimal solution in the approximated Pareto front, and d i is calculated as follows.
In the above mathematical notation, i and k denote the number of solutions. It represents the minimum value of the sum of the absolute difference in objective function values between the ith and consecutive solutions of non-dominated Pareto front. Its value is small when the obtained solutions are evenly spaced and very close to each other. Therefore, an algorithm finding a set of
non-dominated solutions having a smaller spacing (S) is better.
Hypervolume indicator (H)
It indicates the volume covered (area in the case of biobjective optimization problem) of the search space which is dominated by the Pareto front with respect to a given reference point. An algorithm with a higher value of hypervolume is most desirable and shows the superiority of the obtained Pareto front. A Pareto front is considered as the superior only if (1) it contains high-quality solutions (superior solutions in terms of objective function values) (2) pertaining the diversity among the solutions (the solutions in a Pareto front must be uniformly distributed as much as possible) and (3) pertinence (a Pareto front must contain as many numbers of solutions as possible and ultimately give maximum possible choices to the decisionmaker) [55] . A hypervolume compared the Pareto fronts on the basis of all three aforementioned performance criteria simultaneously. A Pareto front containing n solutions, hypervolume v i is calculated between a reference point W and ith solution as the diagonal corner of the hypercube. Similarly, the union of all such hypercube is calculated and its hypervolume is given by the Eq. (25).
Multi-criteria decision making using the TOPSIS method
Multi-criteria decision making (MCDM) offers to choose the best alternative from multiple Pareto-optimal solutions (usually conflicting nature) provided by an evolutionary algorithm. Multiple Pareto-optimal solutions obtained from the evolutionary algorithms (in the present case-MOPSO) are treated as alternatives, and the objective function is set up as the selection criteria. There are numerous multi-criteria techniques like MAXMIN, MAXMAX, SAW, AHP, TOPSIS, PROMETHEE, SMART, and ELECTRE are most frequently used. Hwang and Yoon [56] introduced a multicriteria decision making method named as 'the technique for an order of preference by similarity to ideal solution (TOPSIS)' and exhibited how it plays a significant role to decide the preference and ranking in various engineering fields. This method points out an alternative solution which is closest to the ideal solution and farthest to the negative ideal solution in a multi-dimensional computing space. Therefore, in the present work, the 'TOPSIS' method is applied to pick up the best solution out-off the multiple
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Pareto-optimal solutions provided by MOPSO. In the present work, the complete procedure for implementation of the 'TOPSIS' method has been followed as per Hwang and Yoon [56] .
Results and discussion
The individual optimization carried out for single-objective consideration using PSO and GWO algorithms.
Since single-objective consideration depicts the conflict between both objectives, multi-objective optimization using MOPSO and MOGWO algorithms is performed. Further, to check the superiority, the performance metrics for both algorithms are presented. The best alternative given by the 'TOPSIS' is also reported and based on the best alternative, a comparison between the performance of the baseline and optimized S-shaped duct is done.
Comparison of results obtained by single-objective consideration
At first, the optimization of the S-shaped duct is accomplished by considering all two objective functions individually (as a single-objective problem) for two different approaches PSO and GWO. For targeting the above, a population size of 10 and the number of iterations of 50 were considered during the implementation of MATLAB code for both of the algorithms. Table 5 reveals the comparison of optimized design parameters and responses of an S-shaped duct obtained using PSO and GWO for singleobjective consideration. It can be understood from Table 5 that design corresponding to minimum total pressure loss leads to a higher non-uniformity index. Likewise, design corresponding to minimum non-uniformity index leads to higher total pressure loss. However, PSO showed slightly better-optimized value than GWO algorithm; for example, during individual consideration of minimum total pressure loss and non-uniformity index, PSO gives the lower value of pressure loss (ω) and non-uniformity index ( S i0 ) than the GWO algorithm. Table 5 reveals that ω and S i0 are mutually conflicting in nature; hence, design parameters setting which gives the minimum value of ω (0.021298) may increase S i0 (0.174300), whereas the minimum value of S i0 (0.0048954) may lead to a maximum value of ω (0.0509718). A slight modification of any parameter that can improve one objective will lead to the inferior value of another objective. Therefore, it is essential to make a proper trade-off between ω and S i0 to find out the optimum design of the S-shaped duct. MOPSO and MOGWO algorithms are implemented to simultaneously optimize ω and S i0 and multiple optimal solutions are obtained.
Comparison of MOPSO and MOGWO
In this section, results obtained from the MOPSO are compared to MOGWO. In order to obtain the Pareto front and make a comparison of algorithms, performance following input parameters is chosen. To make an effective comparison, input parameters were kept identical for both of the algorithms, and posteriori version of both algorithms is employed. Like the MOPSO, MOGWO also intends proper tuning of the algorithm-specific parameters which are kept the same as MOPSO. Spacing metric (S) and hypervolume indicator are well known as a performance metric and allow to make quantitatively and qualitatively comparison of MOPSO and MOGWO. Both algorithms are independently run 5 times on the test problems, and note that each algorithm solves 5000 function evaluations per run.
Obtained statistical results for both of the algorithms are illustrated in Tables 6 and 7 . Table 6 depicts the statistical results of the algorithm for the metrics of spacing (S). Since the metrics of spacing may be a better choice to benchmark whether the solutions are evenly spaced as well as very close to each other. The results of Table 6 show that for the present problem, solutions obtained from the MOPSO are not only evenly spaced but also very close to each other. Furthermore, MOPSO is able to outperform for all the statistical results and shows lower values of average, maximum, minimum, and standard deviation than MOGWO. It proves that MOPSO has better coverage than MOGWO.
Similarly, Table 7 illustrates the statistical results of the hypervolume indicator. As already discussed, an algorithm with a higher value of the hypervolume is most desirable and a higher value of the hypervolume means that obtained Pareto front has superior quality. Table 8 depicts that volume covered by the MOPSO with respect to a given reference point is higher than the MOGWO. Also, MOPSO gives the higher value of the hypervolume indicator including its average, maximum, minimum, and standard deviation. Finally, it can be concluded that the Pareto front obtained from the MOPSO algorithm has superior quality than MOGWO. Table 8 shows the statistical result of the computational time taken by each algorithm. It reveals that the MOPSO algorithm takes less time to solve the present problem than MOGWO and it is almost five times faster than the MOGWO algorithm. Figure 4 shows the Pareto front obtained from MOPSO and MOGWO algorithms. It contains 50 Pareto-optimal solutions for both of the algorithms. "Appendix 2" shows the Pareto-optimal set of solutions obtained from the MOPSO. It contains fifty optimal combinations of input design parameters like R r ,̄ , and S along with the corresponding values of pressure loss and non-uniformity index. Now the designer has the choice to select any one solution out of the 50 solutions provided by the MOPSO based on his order of preference given to ω and S i0 .
Result of optimization
The baseline S-shaped duct was designed as proposed by the Britchford [38] . The baseline S-shaped duct was designed with an area ratio of unity, whereas inlet height ( h inlet ) was fixed due to the existence of the upstream low-pressure compressor and it was 0.008271 m. The non-dimensional length (L/h inlet ) was 3.4, and inlet hub radius to height ratio R hi ∕h inlet was 4.25. The radial offset or slope (γ) and mean radius ratio were 0.28 and 1.25, respectively. From Fig. 4 , it could be understood that the MOPSO algorithm provides 50 optimal solutions; hence, to select one best alternative out of 50 Pareto-optimal solutions, one of the multi-criteria decision making (MCDM) method named 'TOPSIS' is applied. Since the importance of both objectives is unknown, initially equal importance has been given to both the objectives during the implementation of the 'TOPSIS. ' Even though equal importance shows a significant reduction in pressure loss coefficient and non-uniformity index in comparison with baseline duct, it does not satisfy the space and weight criteria which are the essential restrictions in the aerospace industry. Hence, in order to satisfy these restrictions, 0.8 and 0.2 weights are given to the total pressure loss coefficient and non-uniformity index, respectively. The value of different weights and their corresponding design parameters and responses are shown in Table 9 . A comparison between the design parameters and responses of the baseline and optimized S-shaped duct are shown in Table 10 . In order to obtain the lower values of the pressure loss and non-uniformity than the baseline S-shaped duct, design parameters are needed to be optimized. Table 10 shows that the radius ratio and radial offset of the optimized duct are reduced, whereas the inflection plane (matching point) is slightly shifted toward the downstream. It indicates that a more moderate pressure gradient distribution is achieved despite the reduction in length. During the optimization process, severe change in the curvature of the baseline S-shaped duct is brought lower by reducing the radial offset in such a way that it helps to reduce the pressure loss and non-uniformity at the duct exit by 28.14% and 43.33%, respectively. However, decreasing the radius ratio of the optimized S-shaped duct also leads to a high hub-to-tip ratio (HTR) at duct exit as duct height needs to be decreased to maintain the area. The optimized design yields a 6.37% reduction in the length without flow separation which leads to weight and space reduction of the S-shaped duct for the aerospace application.
Conclusions
Applications of an S-shaped duct in the aerospace industry open the scope of optimization. Especially, weight and space restriction demands the optimal design of an S-shaped duct. Total pressure loss and non-uniformity at the S-shaped duct outlet have substantial importance to quantify the performance of the S-shaped duct. Hence, an optimal design of the S-shaped duct is necessitated for the minimum pressure loss and non-uniformity at the outlet of the S-shaped duct. Such a multi-objective optimization problem has been exercised here using the MOPSO algorithm. Due to the conflicting nature of the objective Vol.:(0123456789) SN Applied Sciences (2020) 2:221 | https://doi.org/10.1007/s42452-020-1972-4 Research Article functions, Pareto-optimal solutions were obtained and the performance of MOPSO was compared with the MOGWO algorithm. The following concluding remarks are drawn from the present work.
• Due to conflicting nature of the present objective functions, which generally occur in multi-objective problems, it can be concluded that a slight modification of any parameter that can improve the total pressure loss coefficient causes to the inferior value of non-uniformity index and vice versa. • The better maximum, minimum, average, and standard deviation value of the spacing metric, hypervolume indicator, and computational time are obtained by the MOPSO than the MOGWO algorithm. This shows the superiority of the MOPSO over the MOGWO algorithm for the present case. • Since MOPSO provides a wide range of optimal solutions, it enables the designer to choose any particular solution that corresponds to a specific order of importance of the objectives and even in the situations whenever the order of importance of objectives is subjected to frequent changes. Thus to select an optimum design of the S-shaped duct, the proposed procedure may be considered for real production. • The best alternative suggested by the 'TOPSIS' method reports a reduction of 6.37%, 28.14%, and 43.33% in length, pressure loss coefficient, and non-uniformity index for the optimized S-shaped duct compared to baseline S-shaped duct. 
